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and Daniel E. Olivares, Member, IEEE

Abstract—Second-to-second power imbalances stemming from
renewable generation can have a large impact on the frequency
regulation performance of isolated microgrids, as these are
characterized by low inertia and, more commonly nowadays,
significant renewable energy penetration. Thus, the present paper
develops a novel frequency-constrained Energy Management
System (EMS) that takes into account the impact of short-term
power fluctuations on the microgrid’s operation and frequency
regulation performance. The proposed EMS model is based on
accurate linear equations describing frequency deviation, rate-of-
change-of-frequency, and regulation provision in daily microgrid
operations. Dynamic simulations on a realistic CIGRE bench-
mark test system show the economic and reliability benefits of
the presented EMS model, highlighting the need of incorporating
fast power fluctuations and their impact on frequency dynamics
in EMSs for sustainable isolated microgrids.

Index Terms—Energy management system, short-term fluc-
tuations, frequency regulation, frequency dynamics, microgrid
operation.

NOMENCLATURE

Superscripts

B Battery
D Demand
G Generator
MG Microgrid
S,W Solar and wind generation
χ Forecast error
r,∂r Regulation and regulation-ramp
↑, ↓ Upward and downward

Subscripts and Sets

b ∈ B Battery
g ∈ G Thermal generator
h ∈ H Long dispatch time interval, H = {1, . . . ,H}
h ∈ Hr Subset of the long dispatch time intervals with a

finer time resolution (first time steps)
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Adolfo Ibañez, and the Complex Engineering Systems Institute, Santiago,
Chile (e-mail: daniel.olivares@uai.cl).

j ∈ J Short time interval, J = {1, . . . , J}
l ∈ L Partition for piecewise linear battery degradation

model

Parameters

CGg Variable generation costs of generator g
CLS Load shedding costs
CNLg No-load costs of generator g
CSUg , CSDg Start-up and shut-down costs of generator g
D̂h Forecast average demand during dispatch

time interval h
Eb Energy capacity limit of battery b
f0 Microgrid’s nominal frequency
∆f Absolute frequency deviation limit
ING

g Synchronous inertia of generator g
KPF ,KPV Frequency and voltage sensitivity of loads
KV FC Proportional gain of voltage frequency con-

troller
MUP
g ,MDN

g Minimum-up and minimum-down times of
generator i

P
G

g , P
G
g Steady-state maximum and minimum power

capacity of generator g
PT

G

g , PT
G
g Transient maximum and minimum power ca-

pacity of generator g
P
B

b Maximum power capacity of battery b
P
W

h , P
S

h Maximum available wind and solar average
powers during dispatch time interval h

Rg Ramp limit of generator g
RCb Battery replacement cost of battery b
RoCoF Absolute Rate of Change of Frequency limit
S0
b,l Initial battery state-of-charge
Sb,l State-of-charge depth range of battery’s b

partition l
TFC Inherent time delay of automatic frequency

controllers
∆Th Time step of dispatch time interval h
∆τ Time step of short time intervals j ∈ J
εχ, εr, ε∂r Scaling parameters for forecast error, regula-

tion, and regulation-ramp reserves
ηCb , η

D
b Charging and discharging efficiency of bat-

tery b
κGg , κ

B
b Frequency-droop of generator g and battery b

σ̃χh , σ̃
r
h, σ̃

∂r
h Standard deviation of forecast errors, short-

term fluctuations, and short-term fluctuation-
ramps during dispatch time interval h.
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φ̂b,l Piecewise linear battery degradation coeffi-
cient

ϕχh, ϕ
r
h Expected reserve utilization of forecast error

and regulation reserves

Variables

cb,l,h, db,l,h Battery charging and discharging
∆eg,h Change in the expected average power of

generator g due to reserve provision
lsh Load shedding set-point for dispatch time

interval h
p̂Gg,h Average power set-point for generator g dur-

ing dispatch time interval h
p̂Wh , p̂

S
h Forecast average wind and solar power dur-

ing dispatch time interval h
∆p

G,χ,↑/↓
g,h Upward/downward forecast error reserve

provided by generator g
∆p

G,r,↑/↓
g,h Upward/downward regulation reserve pro-

vided by generator g
∆pB,C,χ,↓b,l,h Downward forecast error reserve provided

by increasing battery’s charging
∆pB,C,r,↓b,l,h Downward regulation reserve provided by

increasing battery’s charging
∆pB,D,χ,↑b,l,h Upward forecast error reserve provided by

increasing battery’s discharging
∆pB,D,r,↑b,l,h Upward regulation reserve provided by in-

creasing battery’s discharging
∆pB,C,χ,↑b,l,h Upward forecast error reserve provided by

decreasing battery’s charging
∆pB,C,r,↑b,l,h Upward regulation reserve provided by de-

creasing battery’s charging
∆pB,D,χ,↓b,l,h Downward forecast error reserve provided

by decreasing battery’s discharging
∆pB,D,r,↓b,l,h Downward regulation reserve provided by

decreasing battery’s discharging
∆p

PF,r,↑/↓
h Upward/downward regulation reserve stem-

ming from load frequency sensitivity
∆p

V FC,r,↑/↓
h Upward/downward regulation reserve stem-

ming from voltage frequency control
rh Short-term fluctuations during dispatch time

interval h
∂rh Short-term fluctuation-ramps during dispatch

time interval h
sb,l,h Battery state-of-charge
∆sb,l,h Change in the expected State-of-Charge of

battery’s b partition l due to reserve provi-
sion

ug,h ON/OFF status of generator g (binary)
vg,h, wg,h Start-up and shut-down of generator g (bi-

nary)
ζχh , ζ

r
h , ζ

∂r
h Forecast error, regulation, regulation-ramp

reserve requirements
ξ Uncertainty
Φb,l,h Expected resulting battery degradation
∆φb,l,h Increase in expected battery degradation due

to reserve provision

χh Average power forecast error during dispatch
time interval h

Acronyms

CoI Center-of-Inertia
DER Distributed Energy Resources
EMS Energy Management System
ERU Expected Reserve Utilization
FoR Frequency-or-RoCoF
KLFN Kasabonika Lake First Nation
MAE Mean Absolute Error
MILP Mixed Integer Linear Programming
MPC Model Predictive Control
QSS Quasi-Steady-State
RoCoF Rate-of-Change-of-Frequency
SoC State-of-Charge
UC Unit Commitment
UFLS Under-Frequency Load Shedding
VFC Voltage Frequency Controller

I. INTRODUCTION

M ICROGRIDS have attracted considerable attention
from researchers and industry given their potential to

enable a reliable and efficient integration of Distributed Energy
Resources (DER). In this context, several research efforts are
currently in progress to enable the secure and economic oper-
ation of sustainable isolated microgrids, which have resulted
in advanced Energy Management System (EMS) models that
account for relevant aspects such as phase imbalance [1],
network representations [2], and thermal energy resources [3],
amongst others (see [4] and [5] for a thorough literature
review).

In contrast to conventional power systems, sustainable
isolated microgrids are particularly vulnerable to degraded
frequency regulation performance, as these typically exhibit
a low inertia and significant renewable integration [6]. This
requires the consideration of short-term imbalances in mi-
crogrid EMS models, as significant variations in renewable
generation can be observed in the second-to-second time frame
for geographically close renewable plants [7], which in-turn
can cause significant frequency deviations due to the system’s
low inertia [8]. Consequently, recent microgrid EMS models
have proposed going beyond the traditional 5min-1h time scale
commonly found in operational models (e.g., [1]–[3]), and
also incorporate short-term fluctuations in the time scale of
seconds, such that an adequate regulation performance can be
provided even in the conditions of low inertia and significant
renewable integration (e.g., [9]–[12]).

In [9] and [10], two-stage open-loop EMS models are pro-
posed to manage short-term power fluctuations, for which two
decision-making stages are considered; namely, an upper-stage
with low time resolution for determining optimal dispatch set-
points, and a lower-stage with a more detailed time resolution,
in which the dispatch set-points are used as inputs and short-
term power fluctuations are managed. Under this approach,
both stages are solved independently, i.e., in open-loop, and
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thus have the downside of not ensuring feasibility in the lower-
stage in the presence of large and fast power fluctuations.

To address the above drawback, [11] proposes a two-stage
closed-loop EMS model, for which feasible dispatch set-points
are determined by iteratively solving upper and lower stage
problems through a constraint generation method, which adds
constraints to the upper stage problem if infeasibilities are
detected in the lower stage problem. Therefore, by following
a closed-loop structure, this approach guarantees that the
obtained solutions remain feasible even in the presence of
large and fast power fluctuations. However, this results in high
computational costs, as the number of variables of the lower
stage problem directly depends on the time resolution used
for modeling short-term power fluctuations. Thus, practical
applications for this type of EMS model can be found only
for minute-to-minute power fluctuations, since a more detailed
time resolution (e.g., seconds, in the order of fast renew-
able generation variations) would yield a computationally
intractable model with too many decision variables.

To maintain computational tractability while ensuring fea-
sibility for large and fast power fluctuations, [12] presents
a computationally efficient EMS model based on alternative
low-order representations of short-term fluctuations, for which
it is shown that large second-to-second power fluctuations
can be accurately managed while maintaining computational
tractability for practical applications. However, frequency dy-
namics are not incorporated in the EMS model, and transient
simulations are not considered in the computational experi-
ments. This is particularly relevant for practical applications,
as frequency transients can rapidly and significantly deviate
from steady-state values in low inertia systems with highly
variable renewable energy sources (e.g., see [8]), leaving a
pending research gap in this regard.

The explicit modeling of frequency dynamics within oper-
ational models is a relatively new research area, with most
research being focused on low-inertia bulk-power systems.
This has resulted in the development of frequency-constrained
Unit Commitment (UC) models that incorporate the different
frequency regulation services defined by systems operators
[13], the frequency regulation capability of grid-forming con-
verters [14], wind turbines [15], and flywheel energy storage
[16], as well as the effect of considering multiple regions
with different levels of inertia [17]. In general, these works
are based on adding frequency-constraints to the UC model,
such that large frequency excursions resulting from generator
outages are avoided, as these are relatively common in bulk-
power systems with a large number of generators. However,
none of these works consider the impact of second-to-second
renewable power fluctuations on the system’s frequency regu-
lation performance, instead focusing exclusively on frequency
excursions caused by outages. Furthermore, these papers fo-
cus on bulk-power systems, which significantly differ from
isolated microgrids, particularly with respect to frequency
stability and control [6].

Based on the aforementioned discussion, the present paper
extends [12] by further incorporating the impact of second-
to-second power fluctuations on transient frequency dynamics.
This results on a frequency-constrained EMS model capable of

guaranteeing an adequate frequency regulation performance in
accordance with modern DER operating standards (e.g., [18]).
Thus, the main objectives and contributions of this paper can
be summarized as follows:
• Accurate linear equations describing frequency excur-

sions and Rate-of-Change-of-Frequency (RoCoF) values
in the presence of second-to-second power imbalances
are developed, which then serve as a basis for the design
of a computationally efficient microgrid EMS model with
frequency and RoCoF limit constraints suitable for near
real-time practical applications.

• Exhaustive transient simulations on a realistic test system
using thoroughly validated frequency dynamic and con-
trol models are presented to demonstrate the modeling
accuracy of the proposed EMS and the benefits resulting
from its implementation in isolated microgrids. Such
benefits include the reduction of total operating cost while
keeping an adequate frequency regulation performance
compliant with modern DER operating standards.

The rest of the paper is organized as follows: Section II
presents the theoretical background required for modeling
short-term power fluctuations, reserves, battery degradation,
and frequency regulation. Section III discusses the design of
the proposed frequency-constrained EMS model, for which
novel mathematical expressions describing the impact of
second-to-second power imbalances on microgrid operation
and frequency dynamics are developed. Section IV presents
computational experiments and results, demonstrating the rel-
evance and advantages of the proposed model. Finally, Section
V presents the main conclusions of the paper.

II. THEORETICAL BACKGROUND

In this section, previously existing models that are used
in this paper are discussed. First, the models needed for the
design of the proposed EMS are presented, namely, short-
term power fluctuations, system reserve needs, and battery
degradation models. Then, dynamic and control models used
to describe the frequency regulation of the microgrid and
perform transient simulations are described.

A. Short-term Power Fluctuations Modeling

Within the context of optimal dispatch models, second-to-
second power fluctuations can be modeled by considering
two different time-frames, as in [12]: one for long dispatch
time intervals h ∈ H = {1, . . . ,H}, and another for short
time intervals j ∈ J = {1, . . . , J}. Accordingly, any generic
instantaneous power vector ph during dispatch time interval h
can be split into long and short term components as follows:

ph = [p̂h + χh(ξ)]︸ ︷︷ ︸
long term

1 + rh(ξ)︸ ︷︷ ︸
short term

(1)

where ph = [ph,1, . . . , ph,j , . . . , ph,J ]; 1 is a vector of ones
of dimension J ; p̂h is the forecast average power; χh is the
average power’s forecast error, which is affected by uncertainty
ξ; and rh = [rh,1, . . . , rh,j , . . . , rh,J ] represents the short-
term fluctuations, which are also affected by uncertainty. Note
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Fig. 1. Average powers and intra-dispatch fluctuations for a 10 kW wind
plant at the KLFN microgrid [12].

that scalars p̂h and χh are constant during dispatch time
interval h, and thus have a time resolution of ∆Th. In contrast,
rh varies in accordance with the short time interval index
j, and thus has a time-step ∆τ � ∆Th. An illustrative
example of this modeling approach is depicted in Fig. 1, where
measurements from the Kasabonika Lake First Nation (KLFN)
microgrid extracted from [19], with a time resolution of ∆τ
= 1s, are used to define: (i) average powers p̂h, which remain
constant during the long dispatch time intervals with length
∆Th = 5min ∀h ∈ H; and (ii) short-term fluctuations rh,
which oscillate around such average powers. Note that in this
example, forecast errors are not present, i.e., χh = 0 ∀h ∈ H.

Based on framework (1), it can be noted that conventional
EMS models such as [1]–[3] focus exclusively on modeling
the forecast average power p̂h and its associated forecast error
χh, neglecting short-term fluctuations rh. In contrast, modern
EMS incorporating short-term power fluctuations characterize
rh either directly, by adding short time intervals j ∈ J
in the model (e.g., [9]–[11]), or by using an alternative
low-order representation of rh for computational efficiency
[12]. Hence, second-to-second power fluctuations are modeled
using the latter approach, as computational tractability plays
a fundamental role in near real-time practical applications.
Specifically, here short-term fluctuations rh are described by
its feature-based representation:

υh =
[
std(rh), tae(rh)

]
(2)

where std(·) and tae(·) are the standard deviation and truncated
absolute expectation operators, respectively; and υh is a vector
of dimension equal to 2, which is significantly lower than
J = dim(rh). The details regarding the tae(·) operator are
discussed in Section III-B.

B. Reserves Modeling

Based on (1), reserves are needed for handling uncertain
forecast errors and short-term fluctuations, which are described
next as per [12]. Thus, the forecast error reserve need ζχh at
dispatch time interval h can be defined using the microgrid’s

net load forecast error χMG
h , as follows:

χMG
h (ξ) = D̂h χ̃

D
h (ξ)− p̂Wh χ̃Wh (ξ)− p̂Sh χ̃Sh(ξ) (3a)

std
(
χMG
h

)2
=
(
D̂hσ̃

χ,D
h

)2

+
(
p̂Wh σ̃

χ,W
h

)2

+
(
p̂Sh σ̃

χ,S
h

)2

(3b)

ζχh = εχ std
(
χMG
h

)
(3c)

where D̂h, p̂Wh , and p̂Sh are the forecast average powers
corresponding to demand, wind generation, and solar gen-
eration, respectively; χ̃Dh , χ̃Wh , and χ̃Sh are normalized zero-
mean random scalars representing the errors associated with
each forecast; σ̃χ,Dh = std

(
χ̃Dh
)
, σ̃χ,Wh = std

(
χ̃Wh
)
, and

σ̃χ,Sh = std
(
χ̃Sh
)

are sample standard deviations estimated
from normalized historical samples of forecast errors χDh /D̂h,
χWh /p̂

W
h , and χSh/p̂

S
h , respectively; and εχ is a parameter to

adjust the desired confidence level.
Similarly, the regulation reserve need ζrh at dispatch time

interval h can be defined using the microgrid’s regulation
signal rMG

h , as follows:

rMG
h (ξ) = D̂h r̃

D
h (ξ)− p̂Wh r̃Wh (ξ)− p̂Sh r̃Sh (ξ) (4a)

std
(
rMG
h

)2
=
(
D̂hσ̃

r,D
h

)2

+
(
p̂Wh σ̃

r,W
h

)2

+
(
p̂Sh σ̃

r,S
h

)2

(4b)

ζrh = εr std
(
rMG
h

)
(4c)

where r̃Dh , r̃Wh , and r̃Sh are zero-mean random vectors rep-
resenting the normalized intra-dispatch fluctuations stemming
from demand, wind generation, and solar generation; σ̃r,D

h =

std
(
r̃Dh
)
, σ̃r,W

h = std
(
r̃Wh
)
, and σ̃r,S

h = std
(
r̃Sh
)

are the
sample standard deviations; and εr is a parameter to adjust the
desired confidence level. Note that unlike the case for forecast
error reserve in (3), standard deviations are computed in (4)
by concatenating normalized historical samples of rDj,h/D̂h,
rWj,h/p̂

W
h , and rSj,h/p̂

S
h , since r̃ is a random vector of dimension

J . Furthermore, observe that standard deviations σ̃r
h only

depend on dispatch time interval h ∈ H, since the short time
interval index j ∈ J is avoided in accordance with the feature-
based representation in (2).

C. Battery Degradation Modeling

Modern EMS models consider battery degradation, as it
plays a significant role when determining total operating costs.
Here, the approach in [12] is followed, where the degradation
resulting from the repeated charging and discharging of battery
b ∈ B is modeled through a computationally efficient piece-
wise linear degradation model, for which the battery’s cycle
depth range is split into even partitions l ∈ L, as follows:

fΦ
b (c,d) =

φ̂b,l
2

∆t

Eb

∑
t∈T

∑
l∈L

(
ηCb cb,l,t +

db,l,t
ηDb

)
(5a)

sb,l,t − sb,l,t−1 =
∆t

Eb

(
ηCb cb,l,t −

db,l,t
ηDb

)
(5b)

0 ≤ sb,l,t ≤ Sb,l ∀b ∈ B, l ∈ L, t ∈ T (5c)

where fΦ
b (·) ∈ [0, 1] is the battery’s b accumulated degradation;

T is a set of generic time intervals t with time-step length ∆t;
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Fig. 2. Block diagram of diesel generator governor model (DEGOV1) [20].
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Fig. 3. Block diagram of battery frequency response model [21].

cb,l,t and db,l,t are the charging and discharging of battery’s
b partition l at time t; sb,l,t is the State-of-Charge (SoC) of
battery’s b partition l; Eb, ηCb , and ηDb are the battery’s energy
capacity, charging efficiency, and discharging efficiency; and
φ̂b,l is the piecewise linear degradation coefficient. Observe
that partition l of battery b has its own SoC sb,l,t, which is
bounded by the partition’s depth range Sb,l.

D. Frequency Regulation Modeling

As previously discussed, this paper aims to incorporate
frequency regulation and its dynamics within the context of
EMS models for isolated microgrids. Thus, frequency dynamic
models for diesel generators and batteries, as well as load
shedding and renewable curtailment controllers, are considered
here. Such models are based on a frequency-droop control, as
this is the common approach used in isolated microgrids.

Diesel Generators (G) are modeled using the diesel engine
governor DEGOV1 model depicted in Fig. 2 [20], where ∆f

is the frequency deviation, PT
G

and PTG are the generator’s
maximum and minimum torque, and κG is the the generator’s
frequency droop. Note that in this and following figures, T
and K are used to represent controller time delays and gains,
respectively. Batteries (B) are modeled based on WECC’s
generic modules REPC A, REEC C, REGC A [21], which
have been simplified to represent only frequency dynamics
and controllers’ time delays, as illustrated in Fig. 3. The
battery dynamic model includes maximum power capacity
P
B

, frequency droop κB , virtual inertia coefficient INB , and
SoC limit function SoC

(
∆PB

)
, which automatically stops

the battery’s charging (discharging) if the upper (lower) SoC
limit is reached.

Auxiliary Load Shedding (LS) and Renewable Curtailment
(RC) controllers are also modeled, which are designed to
prevent system collapse in the presence of unexpectedly large
and fast power fluctuations. In particular, linear percentage-
based LS and RC controllers are considered here, which are
illustrated in Fig. 4 and Fig. 5, respectively. Note that these
controllers are triggered if the upper (or lower) frequency
deviation limits ±∆f are reached, in accordance with typical
DER operating standards [18]. Furthermore, observe that both
controllers have damped percentage gains, which depend on

+
−1

+ 1
1-sided 

deadzone

−Δ

Measurement
delay

+ 1

Δ Δ

Damped percentage gain

×

( )

Fig. 4. Block diagram of load shedding frequency control scheme.
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Δ
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Fig. 5. Block diagram of renewable curtailment frequency control scheme.

the instantaneous demand D(t), wind generation pW (t), and
solar generation pS(t) at time t.

To further enhance the microgrid’s frequency regulation, a
proportional Voltage Frequency Controller (VFC) installed on
the diesel generators is also considered [22]. The dynamic
model associated with the VFC is presented in Fig. 6, which
exploits the voltage sensitivity of loads KPV , and has a
proportional gain KV FC and voltage deviation limit ∆V .
Note that for simplicity, the generator’s voltage dynamics are
represented by a 4th order transfer function V G(s), which
is estimated using MATLAB’s frestimate fitting function
based on the response of a 6th order Synchronous Machine
(SM) and an AC1A exciter to small voltage reference pertur-
bations.

Using the aforementioned dynamic models, the microgrid’s
frequency regulation model can be described by its Center
of Inertia (CoI) [13]–[17], as illustrated in Fig. 7. In the
figure, rD(t), rW (t) and rS(t) are continuous-time functions
representing the short-term fluctuations of demand, wind gen-
eration, and solar generation, respectively; INMG is the total
synchronous inertia provided by the diesel generators; KPF is
the frequency sensitivity of loads; and ∆P is the total power
change resulting from short-term fluctuations and frequency
regulation.

III. ENERGY MANAGEMENT SYSTEM MODEL

In this section, the design of the proposed frequency-
constrained EMS model is discussed. This includes the equa-
tions and constraints used to build the UC model for deter-
mining the EMS dispatch decisions, as well as the general
architecture required for its implementation.

A. Capacity and Reserve Constraints

As discussed in Section II, forecast error and regulation
reserves are needed for the reliable operation of isolated
microgrids. Thus, enough slack power capacity should be
allocated to generators g ∈ G such that the required reserves
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are available when needed. This is described by the following
generator power capacity constraints ∀g ∈ G:

p̂Gg,h + ∆pG,χ,↑g,h ≤ PGg ug,h ∀h ∈ Hr (6a)

p̂Gg,h −∆pG,χ,↓g,h ≥ PGg ug,h ∀h ∈ Hr (6b)

p̂Gg,h + ∆pG,χ,↑g,h + ∆pG,r,↑g,h ≤ PTGg ug,h ∀h ∈ Hr (6c)

p̂Gg,h −∆pG,χ,↓g,h −∆pG,r,↓g,h ≥ PTGg ug,h ∀h ∈ Hr (6d)

p̂Gg,h + ∆pG,χ,↑g,h + ∆pG,r,↑g,h ≤ PGg ug,h ∀h ∈ H \ Hr (6e)

p̂Gg,h −∆pG,χ,↓g,h −∆pG,r,↓g,h ≥ PGg ug,h ∀h ∈ H \ Hr (6f)

where p̂Gg,h denotes the generation set-point or average power
of generator g during dispatch time interval h; ∆p

G,χ,↑/↓
g,h is

the upward (↑)/downward (↓) forecast error reserve provided
by generator g; ∆p

G,r,↑/↓
g,h is the upward/downward regulation

reserve provided by generator g; ug,h is a binary variable
indicating the generator’s ON/OFF status; P

G

g and PGg are
generator g’s steady-state maximum and minimum power;
and PT

G

g and PTGg are generator g’s transient maximum
and minimum power, as per Fig. 2, with PT

G

g ≥ P
G

g and
PTGg ≤ PGg . Note that (6a)-(6d) are defined for the first
Hr ⊂ H dispatch time intervals, whereas (6e)-(6f) are defined
for the remaining dispatch time intervals resulting from the
set difference H \ Hr. This distinction is related to the use
of growing time steps in EMSs based on a Model Predictive
Control (MPC) [1]–[3], [12], for which a finer time resolution
is used at the first time steps.

Note that (6) extends [12] by considering transient power
capacity limits in addition to the conventional steady-steady
power capacity limits. This modeling approach is based on the
fact that for diesel generators, steady-state power capacity lim-
its can be temporarily violated for a few seconds [20]. Thus,
additional slack capacities PT

G

g −P
G

g ≥ 0 and PGg −PT
G
g ≥ 0

are considered for the regulation reserve, as this reserve is only
fully deployed for a few seconds in practice.

Similar to the case of generators, power capacity limits
are also considered for batteries, which can be described as

follows ∀b ∈ B, h ∈ H:∑
l∈L

(
cb,l,h + ∆pB,C,χ,↓b,l,h + ∆pB,C,r,↓b,l,h

)
≤ PBb (7a)∑

l∈L

(
db,l,h + ∆pB,D,χ,↑b,l,h + ∆pB,D,r,↑b,l,h

)
≤ PBb (7b)

where battery b is partitioned into even segments l ∈ L,
as per (5). Accordingly, cb,l,h and db,l,h are the charging
and discharging set-points of battery’s b partition l during
dispatch time interval h; ∆pB,C,χ,↓b,l,h and ∆pB,C,r,↓b,l,h are, re-
spectively, the downward forecast error and regulation reserves
provided by increasing the battery’s charging (C); ∆pB,D,χ,↑b,l,h

and ∆pB,D,r,↑b,l,h are, respectively, the upward forecast error
and regulation reserves provided by increasing the battery’s
discharging (D); and P

B

b is battery b’s maximum power
capacity, as per Fig. 3. Note that in this case steady-state
and transient capacity limits are equal, as both are equally
constrained by the battery converter’s capabilities [21].

Unlike [12], additional battery slack capacity resulting from
reducing charging and discharging is also considered here for
reserve provision [23], as follows ∀b ∈ B, l ∈ L, h ∈ H:

∆pB,C,χ,↑b,l,h + ∆pB,C,r,↑b,l,h ≤ cb,l,h (8a)

∆pB,D,χ,↓b,l,h + ∆pB,D,r,↓b,l,h ≤ db,l,h (8b)

where ∆pB,C,χ,↑b,l,h and ∆pB,C,r,↑b,l,h are the upward forecast error
and regulation reserves provided by decreasing the battery’s
charging; and ∆pB,D,χ,↓b,l,h and ∆pB,D,r,↓b,l,h are the downward
forecast error and regulation reserves provided by decreas-
ing the battery’s discharging, respectively. Furthermore, con-
straints to ensure enough energy is saved for battery reserve
provision are adapted from [12], as follows ∀b ∈ B, l ∈ L, h ∈
H:

sb,l,h−1 +
∆Th η

C
b

Eb

(
cb,l,h + ∆pB,C,χ,↓b,l,h +

1

2
∆pB,C,r,↓b,l,h

)
− ∆Th
Eb ηDb

(
db,l,h −∆pB,D,χ,↓b,l,h − 1

2
∆pB,D,r,↓b,l,h

)
≤ Sb,l

(9a)

sb,l,h−1 −
∆Th
Eb ηDb

(
db,l,h + ∆pB,D,χ,↑b,l,h +

1

2
∆pB,D,r,↑b,l,h

)
+

∆Th η
C
b

Eb

(
cb,l,h −∆pB,C,χ,↑b,l,h − 1

2
∆pB,C,r,↑b,l,h

)
≥ 0

(9b)

where the worst-case scenario for energy requirement is
assumed. Note that this formulation differs from [12] in
two aspects. First, additional battery slack capacities resulting
from reduced (dis)charging are incorporated here, as per (8).
Second, regulation reserves ∆pr include a 1/2 term, since
upward (downward) regulation reserves are assumed to be
deployed at full capacity at most for half of the dispatch time
interval length ∆Th, based on the zero-mean characteristic of
r in (1).
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Based on (6)-(8), the forecast error reserve balance can be
represented as follows ∀h ∈ H:

ζχh =
∑
g∈G

∆p
G,χ,↑/↓
g,h +

∑
b∈B

∑
l∈L

(
∆p

B,D,χ,↑/↓
b,l,h + ∆p

B,C,χ,↑/↓
b,l,h

)
(10)

Similarly, the regulation reserve balance can be represented as
follows:

ζrh =
∑
g∈G

∆p
G,r,↑/↓
g,h +

∑
b∈B

∑
l∈L

(
∆p

B,D,r,↑/↓
b,l,h + ∆p

B,C,r,↑/↓
b,l,h

)
+ ∆p

PF,r,↑/↓
h + ∆p

V FC,r,↑/↓
h ∀h ∈ Hr (11a)

ζrh =
∑
g∈G

∆p
G,r,↑/↓
g,h +

∑
b∈B

∑
l∈L

(
∆p

B,D,r,↑/↓
b,l,h + ∆p

B,C,r,↑/↓
b,l,h

)
∀h ∈ H \ Hr (11b)

where (11a) includes the additional regulation capabilities
∆p

PF,r,↑/↓
h and ∆p

V FC,r,↑/↓
h stemming from frequency sen-

sitive loads and VFCs, respectively. The constraints associated
with these two variables are discussed in Section III-C.

B. Operational Impact of Reserve Provision

Forecast error and regulation reserves are continuously
being deployed to handle real-time mismatches, and thus
have an impact on the instantaneous power outputs of the
microgrid’s generators and batteries. Accordingly, the allo-
cation of forecast error and regulation reserves influence the
expected average thermal generation, battery SoC, and battery
degradation. This effect can be modelled using the Expected
Reserve Utilization (ERU), which quantifies how much of the
allocated reserve is expected to be deployed on average. In
[12], the ERU is computed using the mean absolute deviation
(mad) of power imbalances. Here, the mad is replaced by the
tae(·) operator, which has an improved accuracy and can be
defined as follows:

tae(Z, ζ) =

∫ ζ

−ζ
|z|f(z)dz

+ ζ

[∫ −ζ
−∞

f(z)dz +

∫ ∞
ζ

f(z)dz

]
(12)

where Z is a random variable representing uncertain power
imbalances, f(z) is its associated probability density func-
tion, and ζ is the available reserve capacity. Note that this
formulation closely resembles mad(Z) = E(|Z|), but with
the difference that f(z) is truncated for |z| ≥ ζ, and the
corresponding truncated values are clustered at z = ±ζ.
This alternative definition is motivated by how reserves are
deployed in practice, since if insufficient reserves are available,
i.e., |z| ≥ ζ, only a reserve equal to ±ζ will be deployed.

Based on (2)-(4) and (12), the ERU of the forecast error
and regulation reserves can be computed as follows:

ϕχh = tae
(
χMG
h , ζχh

)
/ζχh , ϕr

h = tae
(
rMG
h , ζrh

)
/ζrh (13)

Assuming that both χMG
h and rMG

h resemble a normal distri-
bution, and replacing (3c) and (4c), one has that:

ϕ
χ/r
h =

1

εχ/r

√
2

π

[
1− exp

(
−
ε2χ/r

2

)]
+ 1− erf

(
εχ/r√

2

)
(14)

where exp and erf are the exponential and Gauss error func-
tions, respectively.

Based on (14), the change in the expected average power of
generators ∆eg,h, battery’s SoC ∆sb,l,h, and battery degrada-
tion ∆φb,l,h due to the reserve provision can be adapted from
[12], as follows:

∆eg,h =
ϕχh
2

(
∆pG,χ,↑g,h −∆pG,χ,↓g,h

)
+
ϕr
h

2

(
∆pG,r,↑g,h −∆pG,r,↓g,h

)
(15)

∆sb,l,h =
ϕχh
2

∆Th
Eb

ηCb

(
∆pB,C,χ,↓b,l,h −∆pB,C,χ,↑b,l,h

)
−
ϕχh
2

∆Th
Eb

1

ηDb

(
∆pB,D,χ,↑b,l,h −∆pB,D,χ,↓b,l,h

)
+
ϕr
h

2

∆Th
Eb

ηCb

(
∆pB,C,r,↓b,l,h −∆pB,C,r,↑b,l,h

)
− ϕr

h

2

∆Th
Eb

1

ηDb

(
∆pB,D,r,↑b,l,h −∆pB,D,r,↓b,l,h

)
(16)

∆φb,l,h =
φ̂b,l
2

ϕχh
2

∆Th
Eb

ηCb

(
∆pB,C,χ,↓b,l,h −∆pB,C,χ,↑b,l,h

)
+
φ̂b,l
2

ϕχh
2

∆Th
Eb

1

ηDb

(
∆pB,D,χ,↑b,l,h −∆pB,D,χ,↓b,l,h

)
+
φ̂b,l
2

ϕr
h

2

∆Th
Eb

ηCb

(
∆pB,C,r,↓b,l,h −∆pB,C,r,↑b,l,h

)
+
φ̂b,l
2

ϕr
h

2

∆Th
Eb

1

ηDb

(
∆pB,D,r,↑b,l,h −∆pB,D,r,↓b,l,h

)
(17)

Note that unlike [12], and similar to (9), additional battery
slack capacities resulting from reduced (dis)charging are in-
corporated, and a 1/2 term is included for regulation reserves.

Based on (16), the expected SoC at the end of dispatch time
interval h, resulting from the provision of energy shifting and
reserve services, can be obtained as follows:

sb,l,h − sb,l,h−1 =
∆Th
Eb

(
ηCb cb,l,h −

db,l,h
ηDb

)
+ ∆sb,l,h (18)

0 ≤ sb,l,h ≤ Sb,l ∀b ∈ B, l ∈ L, h ∈ H (19)

Similarly, based on (17), the total battery degradation resulting
from the provision of energy shifting and reserve services can
be obtained as follows:

Φb,l,h =
φ̂b,l
2

∆Th
Eb

(
ηCb cb,l,h +

db,l,h
ηDb

)
+ ∆φb,l,h (20)

C. Frequency-Dynamics Constraints

Unlike previous works on microgrid EMS, explicit fre-
quency constraints are considered here, such that an adequate
frequency regulation performance is ensured in daily microgrid
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operations. In the case of thermal generators, their maximum
deliverable short-term regulation is defined by their frequency-
droop κGg , and the maximum frequency deviation limit ∆f
imposed by DER operating standards [18], yielding the fol-
lowing constraint:

∆p
G,r,↑/↓
g,h ≤ ∆f

f0

P
G

g

κGg
∀g ∈ G, h ∈ Hr (21)

where f0 is the microgrid’s nominal frequency in Hz. Simi-
larly, for batteries, the maximum deliverable short-term regu-
lation is given by the following constraints ∀b ∈ B, h ∈ Hr:∑

l∈L

(
∆pB,D,r,↑b,l,h + ∆pB,C,r,↑b,l,h

)
≤ ∆f

f0

P
B

b

κBb
(22a)

∑
l∈L

(
∆pB,C,r,↓b,l,h + ∆pB,D,r,↓b,l,h

)
≤ ∆f

f0

P
B

b

κBb
(22b)

where κBb is the battery’s frequency droop.
Loads provide a damping factor stemming from their fre-

quency sensitivity KPF (see Fig. 7). This feature is modeled in
reserve regulation balance (11a) through variable ∆p

PF,r,↑/↓
h ,

which is constrained as follows ∀h ∈ Hr:

∆p
PF,r,↑/↓
h ≤ ∆f

f0
KPF

(
D̂h − lsh

)
(23)

where lsh is the scheduled load shedding during dispatch
time interval h. Loads also present a voltage sensitivity
KPV , which can be exploited to provide additional frequency
damping through the inclusion of VFCs in diesel generators
(see Fig. 6). This additional flexibility is incorporated in (11a)
through variable ∆p

V FC,r,↑/↓
h , which is constrained as follows

∀h ∈ Hr:

∆p
V FC,r,↑/↓
h ≤ ∆f

f0
KV FC KPV

(
D̂h − lsh

)
(24)

Another relevant aspect to consider in microgrid frequency
regulation is the RoCoF limit imposed by DER operating
standards [18], since excessively large RoCoF values might
lead to operating issues such as loss of synchronism in
converters’ phase locked loops [6]. Accordingly, a RoCoF
constraint is also considered here, which is derived using the
CoI frequency dynamic equation (see Fig. 7). Hence, taking
into account that automatic frequency controllers have an
inherent time delay and thus are not immediately available, the
instantaneous frequency deviation resulting from short-term
power fluctuations can be described by:

2INMG d∆f

dt
+KPF D(t) ∆f = rW (t) + rS(t)− rD(t).

(25)

Thus, neglecting load damping KPF , as in [13], one can ob-
tain the following overestimation for the instantaneous RoCoF:

RoCoF (t) =
1

2INMG

[
rW (t) + rS(t)− rD(t)

]
. (26)

Additionally, given the focus of this paper on isolated mi-
crogrid daily operations, i.e., without contingencies, one can
assume that the continuous-time short-term fluctuations r(t)

change linearly between each short time interval j ∈ J , as
follows:

r(t) =

(
rh,j+1 − rh,j

∆τ

)
︸ ︷︷ ︸

∂rh,j

t ∀t ∈ [0,∆τ ] (27)

where rh,j is the short-term power fluctuation at short time
interval j within dispatch time interval h, as per (1); ∆τ is
the time-step length of short time intervals j ∈ J ; and ∂rhj
is defined as the short-term power fluctuation ramp. Thus, one
can replace (27) in (26) to obtain:

RoCoF (t) =
1

2INMG

[
∂rWh,j + ∂rSh,j − ∂rDh,j

]︸ ︷︷ ︸
∂rMG

h,j

t (28)

where ∂rMG
h,j is the microgrid’s net short-term fluctuation

ramp.
Similarly to (4), one can use the microgrid’s net short-term

fluctuation ramp to define a regulation-ramp reserve need ζ∂r
h ,

which serves as a basis for deriving a RoCoF constraint, and
can be defined as follows:

∂rMG
h (ξ) = p̂Wh ∂r̃

W
h (ξ) + p̂Sh ∂r̃

S
h (ξ)− D̂h ∂r̃

D
h (ξ) (29a)

std
(
∂rMG

h

)2
=
(
D̂hσ̃

∂r,D
h

)2

+
(
p̂Wh σ̃

∂r,W
h

)2

+
(
p̂Sh σ̃

∂r,S
h

)2

(29b)

ζ∂r
h = ε∂r std

(
∂rMG

h

)
(29c)

where ∂r̃Dh , ∂r̃Wh , and ∂r̃Sh are zero-mean random vectors
representing the normalized short-term fluctuation ramps of
demand, wind generation, and solar generation, respectively;
σ̃∂r,D
h = std

(
∂r̃Dh

)
, σ̃∂r,W

h = std
(
∂r̃Wh

)
, and σ̃∂r,S

h =
std
(
∂r̃Sh

)
; and ε∂r is a parameter for adjusting the desired

confidence level.
Based on (29), a constraint for ensuring a proper RoCoF

performance can be derived. Such constraint is obtained by
replacing ∂rMG

h,j in (28) by ζ∂r
h , and assuming that automatic

frequency controllers will not act until t = TFC due to their
inherent time delay. This yields the following constraint for
ensuring RoCoF limit compliance:

ζ∂r
h ≤ 2RoCoF

TFCf0

∑
g∈G

ug,h IN
G
g︸ ︷︷ ︸

INMG

∀h ∈ H (30)

where ING
g is the synchronous inertia provided by each

available generator g, and RoCoF is the absolute RoCoF
limit in Hz/s. Note that battery virtual inertia INB is not
considered in (30), as this type of inertia is affected by
converter control time delays and thus is not immediately
available for instantaneous RoCoF damping (see Fig. 3).

It is important to highlight that modern frequency-
constrained operational models for bulk power systems typ-
ically also consider a frequency nadir constraint to limit
frequency deviations, as such constraint plays a significant
role in the presence of stepwise power disturbances resulting
from outages [13]–[17]. However, such type of constraint is
not considered here, since: (i) this paper focuses on short-term
power fluctuations stemming from renewable generation and
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loads, which change in a linear, instead of stepwise, manner;
and (ii) unlike bulk power systems, major contingencies such
as large generator outages are typically not considered in
isolated microgrid dispatch models, as including these would
result in impractical large operational costs. The validity of
using Quasi-Steady-State (QSS) frequency constraints (21)-
(24) and RoCoF constraint (30) for modeling frequency and
RoCoF dynamics in isolated microgrid daily operations is
discussed in Section IV-E.

D. Renewable Curtailment

Following the approach in [12], the impact of renewable
generation in reserve needs is incorporated here through the
following equations, which are based on reserve needs (3), (4)
and (29):

ζh = ε

[(
D̂hσ̃

D
h

)2

+
(
p̂Wh σ̃

W
h

)2
+
(
p̂Sh σ̃

S
h

)2 ]1/2

(31a)

p̂Wh ≤ P
W

h , p̂Sh ≤ P
S

h ∀h ∈ H (31b)

where P
W

h and P
S

h are, respectively, the maximum available
wind and solar average powers during dispatch time interval
h; and sub/superscripts χ, r,∂r have been omitted in (31a),
as the equation is valid for these three cases. Note that
unlike [12], (31a) also incorporates the impact of renewable
curtailment on regulation-ramp reserve need ζ∂r

h . Furthermore,
observe that similar to [12], (31a) can be convexified by
exploiting the fact that the demand Dh, and thus the argument
of the square root function, is large enough for practical
isolated microgrids. This allows approximating the square root
function by a linear interpolation between points (0, 0) and
(P

W
, P

S
), making (31a) convex, and hence representable by

a cutting-planes algorithm [24].

E. Other Constraints

The remainder of the constraints considered for the pro-
posed EMS model are discussed next, closely resembling the
ones present in conventional EMS models, such as [1]–[3].
Thus, the power balance is given as follows ∀h ∈ H:∑
b∈B

∑
l∈L

(db,l,h − cb,l,h) +
∑
g∈G

p̂Gg,h = D̂h − p̂Wh − p̂Sh − lsh

(32)

Furthermore, the logic of commitment variables, and the mini-
mum up and minimum down constraints on thermal generators
can be modeled by the following equations ∀g ∈ G, h ∈ H:

ug,h − ug,h−1 = vg,h − wg,h (33a)
h−1∑

m=h−MDN
g

(1− ug,m) ∆Tm ≥MDN
g vg,h (33b)

h−1∑
m=h−MUP

g

ug,m ∆Tm ≥MUP
g wg,h (33c)

where vg,h and wg,h indicate the start-up and shut-down of
generators, respectively; and, MUP

g and MDN
g are the min-

imum up and minimum down times. Additionally, generator

ramp constraints are also considered, which can be defined as
follows ∀g ∈ G, h ∈ H:

−Rg ∆Th − P
G

g wg,h ≤ p̂Gg,h − p̂Gg,h−1 ≤ Rg ∆Th + P
G

g vg,h
(34)

where Rg is the generator’s ramp limit. Finally, an energy
neutrality constraint is included as follows:

sb,l,H = S0
b,l ∀b ∈ B, l ∈ L (35)

where S0
b,l is the initial battery SoC, and H is the last time

index of the set of dispatch time intervals H = {1, . . . ,H}.

F. Optimization Model

The proposed EMS model can be formulated using the
equations presented in the previous sections. The EMS’s ob-
jective function F(·) includes a battery degradation component
Φ ∈ [0, 1], variable generation costs CG, no-load costs CNL,
start-up costs CSU , shut-down costs CSD, and load shedding
costs CLS , as follows:

F (x,y) =
∑
h∈H

∑
b∈B

∑
l∈L

Eb ·RCb ·Φb,l,h+
∑
h∈H

CLS∆Th lsh

+
∑
h∈H

∑
g∈G

CGg ∆Th
(
p̂Gg,h + ∆eg,h

)
+∑

h∈H

∑
g∈G

(
CNLg ∆Th ug,h + CSUg vg,h + CSDg wg,h

)
where RCb is the battery replacement cost; x = [u,v,w]

T are
the binary decision variables; and y = [p̂,∆p, s, c,d, ls, ζ]

T

are the continuous decisions variables. This results in the
following optimization model for the proposed EMS:

min
x,y

F (x,y)

s.t. x ∈ {0, 1}n , y ≥ 0

Reserves and power balance (10), (11), (31), (32)
Thermal generators (6), (15), (33), (34)
Batteries and degradation (7)-(9), (16)-(20), (35)
Frequency dynamics (21)-(24), (30)

which is a Mixed Integer Linear Programming (MILP) prob-
lem that can be solved using efficient off-the-shelf solvers.

G. Architecture and Implementation

The general layout of the proposed EMS is illustrated in
Fig. 8, which incorporates the optimization model described
in Section III-F (UC-EMS) for determining the dispatch set-
points of the microgrid’s DER units, as in the case of actual
EMS implementations [25]. The proposed EMS follows a
Model Predictive Control (MPC) scheme, for which optimal
dispatch set-points are regularly re-calculated and broadcasted
to the microgrid’s local controllers based on frequently up-
dated forecasts and state measurements. Similar to [1]–[3], an
MPC update rate of 5min is considered in this work, which
allows sufficient time for re-running the forecast engine and
retrieving updated state measurements. Thus, every 5 minutes
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Forecast 
engine

𝑫,𝑷𝒘,𝑷𝒔
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DER units’ parameters
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(dispatch set-points)
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Microgrid

state measurements (e.g.,

Addi�onal 
modules revised set-points &

complementary signals

𝑺0)

Fig. 8. EMS architecture based on a Model Predictive Control approach.

the UC-EMS optimization model is re-solved and new dispatch
set-points are obtained.

It is important to highlight that the architecture described
in Fig. 8 allows the incorporation of additional modules for
handling other possibly relevant aspects not modeled in the
UC-EMS optimization model. For example, an additional
Optimal Power Flow module with AC power flow equations
can be included to compute reactive power dispatch set-points,
as in [1].

IV. COMPUTATIONAL EXPERIMENTS

In this section, multiple simulations are carried out to
evaluate the performance of the proposed EMS model. First,
the general settings of the simulations and case studies are
presented in Sections IV-A and IV-B. Then, the performance
of the proposed EMS model is evaluated from four different
perspectives, namely regulation security in Section IV-C, op-
erational performance in Section IV-D, frequency modeling
accuracy in Section IV-E, and computational performance in
Section IV-F.

A. General Settings

The performance of the proposed EMS model is evaluated
by simulating its implementation during one full day on a
modified CIGRE medium voltage benchmark system based on
[12], which has a 6153 kW peak demand and a 50% renewable
energy share (25% wind and 25% solar) for the simulated day,
and is composed of 3 diesel generators (4700 kW combined
capacity), 2 combined heat-and-power units (810 kW com-
bined capacity), and a single 2500kW/2500kWh lithium-ion
battery. As per [1]–[3], [12], simulations are performed using
an MPC scheme with an update rate of 5min. In each MPC
run, a horizon of 24h is considered, which has a variable time
resolution with the following time-steps: 6 time-steps of 5min,
6 time-steps of 15min, 6 time-steps of 30min, and 19 time-
steps of 1h. Reserve need constraints are enforced only for the
next 5 hours in each MPC iteration to reduce computational
burden, without significantly impacting optimality.

Residential load, wind power, and solar power data are
extracted from [19], which correspond to real measurements
obtained from the KLFN microgrid with a time resolution of
∆τ = 1s. These measurements are split into two different
data batches, namely one 6-week-long batch for estimating

historical sample standard deviations of short-term fluctua-
tions, and another 1-day-long batch used for simulating the
implementation of the proposed EMS. Furthermore, to emulate
the presence of uncertain forecast errors in the simulations,
a normally distributed random noise is added to the 5min
average powers based on the standard deviations reported in
[12].

Three different EMS models are considered in the simu-
lations for benchmarking purposes. The first model, referred
hereinafter as EMS-1, corresponds to a conventional EMS
similar to the ones presented in [1]–[3], for which frequency
dynamics and battery degradation are not considered, and
uncertain power variations are exclusively handled by a unique
total reserve need, without any differentiation for forecast
errors or regulation reserve needs. The second model, referred
hereinafter as EMS-2, corresponds to the one presented in [12],
which incorporates battery degradation and uses forecast error
and regulation reserves for power fluctuation management,
but does not consider frequency dynamics nor regulation-
ramp reserves. The third EMS model, referred hereinafter as
EMS-3, corresponds to the proposed EMS model presented
in Section III-F, which considers frequency dynamics and
battery degradation, and handles uncertain power variations
through forecast error, regulation, and regulation-ramp re-
serves. In both EMS-2 and EMS-3 models, 4 even partitions
with Sl = 0.2 ∀l ∈ L are used for representing battery
degradation in a piecewise linear manner, as per (5). For the
EMS-3 model, constraints (6a)-(6d), (11a) and (21)-(24) are
defined only for the first 6 dispatch time intervals with a 5
min time-step, i.e., Hr = {1, . . . , 6}. Note that constraint∑
g∈G ug,h ≥ 1 ∀h ∈ H is included in all three EMS

models, which guarantees that at least one diesel generator is
dispatched, so that there is always some synchronous inertia
available in the system for instantaneous RoCoF damping.

The performance of the three EMS models is evaluated by
retrieving the EMS’s optimal dispatch set-points for the first
dispatch time interval of each MPC iteration, and implement-
ing such set-points in the dynamic model described in Section
II-D. Thus, transient simulations are performed iteratively for
each dispatch time interval to obtain the evolution of the
microgrid’s frequency and DER units’ instantaneous powers
resulting from short-term power fluctuations. These results
are then used to compute thermal generation costs, battery
degradation costs, load shedding, renewable curtailment, and
the amount of time that frequency deviation and RoCoF
limits are violated. In accordance with IEEE’s DER operating
standard [18], all results and analyses related to the RoCoF
are performed considering an averaging time window of 0.5s.

To ensure a fair comparison between the three EMS models,
reserve needs are calibrated such that: (i) no load shedding
resulting from forecast errors is obtained during the simulated
day, and (ii) a specified frequency performance in the form of
frequency and RoCoF limit compliance is achieved. The first
condition is met by considering one standard deviation of the
forecast errors when computing the reserve needs of the three
EMS models, i.e, εχ = 1. The second condition is met by
considering an additional total reserve requirement ∆Res in
the EMS-1 model, by adjusting εr in the EMS-2 model, and by
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TABLE I
STANDARD DEVIATION OF SHORT-TERM FLUCTUATIONS

Source 5min [%] 15min [%] 30min [%] 1h [%]
Wind 35.43 39.90 42.35 44.58
Solar 16.69 24.54 27.91 33.21

Demand 3.68 6.27 8.93 12.63

TABLE II
STANDARD DEVIATIONS OF SHORT-TERM FLUCTUATION-RAMPS

Source 5min [%] 15min [%] 30min [%] 1h [%]
Wind 8.67 8.16 7.88 7.69
Solar 3.92 3.56 3.23 3.05

Demand 0.71 0.69 0.7 0.68

adjusting both εr and ε∂r in the EMS-3 model. The standard
deviations of forecast errors σ̃χh are directly extracted from
[12], and the standard deviations of short-term flucuations σ̃r

h

and fluctuation-ramps σ̃∂r
h are estimated using the 6-weeks-

long batch of the KLFN dataset (see Tables I and II).
A frequency deviation limit of ∆f = ±1.2Hz, RoCof limit

of RoCoF = ±0.5Hz/s, and droop of κ = 5% for all DER
units, are considered in the simulations, as per [18]. Frequency
and voltage load sensitivities are obtained from the values
reported in [26] for residential loads in North America, with
KPF = 0.8, and KPV = 1.5. For RoCoF constraint (30), a
frequency controller time delay of TFC = 0.1s is considered,
which results from the average response time observed for
the battery and diesel generators in the transient simulations.
For VFC, a voltage limit of ∆V = 0.01pu, and proportional
gain of KV FC = 0.2, are used based on [22]. Diesel engine
governor’s parameters are extracted from [20], which were
slightly tuned to ensure stable system operation.

The battery degradation resulting from the simulations is
computed using the procedure and parameters described in
[12], for which a detailed representation based on the rainflow
cycle counting algorithm is considered. Such degradation is
then multiplied by the battery’s replacement cost to obtain the
resulting battery degradation costs. Load shedding resulting
from frequency regulation issues is valuated using a cost of
12 USD/kWh [27], while renewable curtailment is valuated
using a cost of 0.07 USD/kWh, which is based on the wind
and solar levelized costs of electricity reported in [28]. All
simulations are performed on a PC with an Intel Core i7 3.20-
GHz processor and 16 GB of RAM under a 64-bit Windows
10 operating system. The EMS optimal dispatch set-points are
computed using the Julia programming language [29], JuMP
package [30], and Gurobi solver [31]. Transient simulations
are performed using MATLAB-Simulink [32].

B. Case Studies and Regulation Security Levels

The three EMS models are evaluated for two different case
studies, which aim to illustrate possible practical frequency
control configurations in the CIGRE microgrid. The first
case study corresponds to the “Base” case, which considers
the dynamic model presented in Section II-D, but with the
difference that the regulation capability of the VFC has been
removed, i.e., KV FC = 0 in Fig. 6. The second case study
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Fig. 9. UFLS frequency relay setting relative to linear percentage-based load
shedding controller.

corresponds to the a “Detailed” case, for which the regulation
capabilities of the VFC are incorporated, and the original
linear percentage-based load shedding controller (see Fig. 4) is
replaced by a under-frequency load shedding (UFLS) scheme
[33], whose frequency relay settings are illustrated in Fig. 9. In
both case studies, three different frequency regulation security
levels are considered, which are based on the amount of time
where the frequency deviation and RoCoF limits are violated,
as follows:

• Low: for which frequency limit non-compliance should
be around 300s.

• Medium: for which frequency limit non-compliance
should be around 30s.

• High: for which Frequency-or-RoCoF (FoR) limit non-
compliance should be around 30s, i.e., the total time
that either frequency or RoCoF limits are violated is
approximately half a minute.

C. Regulation Security

The capability to reach the Low, Medium, and High regula-
tion security levels is evaluated for the three EMS models in
this section. To accomplish this, the reserve requirements of
the EMS models are gradually increased until either: (i) the
desired frequency/FoR non-compliance is reached, or (ii) an
infeasible optimization problem is obtained. The results of this
test for the Base and Detailed cases are shown in Tables III
and IV, respectively, which include the reserve sizing param-
eters used in the EMS models, the resulting non-compliance
frequency/FoR values, and a flag indicating if the EMS was
successful or not in reaching the desired regulation security
level. From these results, it can be observed that existing
EMS models (EMS-1 and EMS-2) have difficulty reaching
high regulation security levels, as these require large reserves
that ultimately lead to infeasible optimization problems. In
contrast, the proposed EMS model (EMS-3) can attain all
regulation levels due to the more accurate modeling of short-
term power fluctuations and frequency dynamics, which result
in correctly balanced reserve requirements.
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TABLE III
SECURITY COMPLIANCE RESULTS FOR BASE CASE

Reg.
sec.

EMS
Model

Reserve sizing Non-compl. [s] Success
flag∆Res

[MW] εr ε∂r Freq. FoR

Low
EMS-1 2.25 - - 301 378 3
EMS-2 - 1.46 - 298 378 3
EMS-3 - 1.45 0.0 295 373 3

Med.
EMS-1 2.59∗ - - 94∗ 162∗ 7
EMS-2 - 3.45 - 29 81 3
EMS-3 - 4.10 0.0 25 78 3

High
EMS-1 - - - - - 7
EMS-2 - 4.20∗ - 2∗ 46∗ 7
EMS-3 - 4.10 9.0 1 32 3

∗Desired frequency/FoR non-compliance could not be reached. Instead, the
minimum achievable non-compliance is indicated.

TABLE IV
SECURITY COMPLIANCE RESULTS FOR DETAILED CASE

Reg.
sec.

EMS
Model

Reserve sizing Non-compl. [s] Success
flag∆Res

[MW] εr ε∂r Freq. FoR

Low
EMS-1 2.00 - - 302 410 3
EMS-2 - 0.54 - 298 405 3
EMS-3 - 1.00 0.0 295 399 3

Med.
EMS-1 2.59∗ - - 62∗ 144∗ 7
EMS-2 - 3.03 - 30 96 3
EMS-3 - 3.33 0.0 30 96 3

High
EMS-1 - - - - - 7
EMS-2 - 4.20∗ - 0∗ 47∗ 7
EMS-3 - 3.33 9.1 0 32 3

∗Desired frequency/FoR non-compliance could not be reached. Instead, the
minimum achievable non-compliance is indicated.

D. Operational Performance

In this section, the operational performance of the three
EMS models is evaluated. The results of this test are shown in
Tables V and VI for the Base and Detailed cases, respectively,
which include: (i) operating costs that consider thermal gen-
eration, battery degradation, and load shedding costs; (ii) total
costs that include operating and renewable curtailment costs;
and (iii) load shedding and renewable curtailment values. Note
that the infeasible optimization results identified in Section
IV-C are omitted in these tables. From the results, it can be
observed that the proposed EMS model (EMS-3) also out-
performs existing EMS models (EMS-1 and EMS-2) in terms
of operational performance, as the former exhibits reduced
operating and total costs (2%-10% lower). Furthermore, note
that the proposed EMS model tends to reduce the renewable
curtailment in the system (up to 88% lower), which is reflected
in the observed reduced costs.

TABLE V
OPERATIONAL RESULTS FOR THE BASE CASE

Reg.
sec.

EMS
model

Oper. cost
[kUSD]

Total cost
[kUSD]

Load shed.
[kWh]

Ren. curt.
[MWh]

Low
EMS-1 9.14 9.19 7.6 0.68
EMS-2 9.03 9.08 7.1 0.72
EMS-3 8.60 8.60 9.7 0.08

Med. EMS-2 10.51 11.02 1.3 7.40
EMS-3 9.66 10.01 0.5 4.98

High EMS-3 11.18 11.97 0.1 11.34

TABLE VI
OPERATIONAL RESULTS FOR THE DETAILED CASE

Reg.
sec.

EMS
model

Oper. cost
[kUSD]

Total cost
[kUSD]

Load shed.
[kWh]

Ren. curt.
[MWh]

Low
EMS-1 11.10 11.13 180.3 0.37
EMS-2 10.18 10.18 130.1 0.05
EMS-3 9.99 9.99 134.5 0.06

Med. EMS-2 10.50 10.89 40.1 5.66
EMS-3 9.67 9.89 39.6 3.22

High EMS-3 11.24 12.04 6.2 11.47
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Fig. 10. Comparison of frequency excursions during different times of the day
for the Base case using the proposed EMS (EMS-3) under a High regulation
security level.

E. Frequency Modeling Accuracy

As previously discussed in Sections I and III-C, one of the
major advantages of proposed EMS model lies in the explicit
modeling of frequency dynamics. Thus, to further validate the
observed results, the accuracy of the QSS frequency equations
(21)-(24), and RoCoF equations (28)-(30) used in the proposed
EMS model were also tested. For this test, the instantaneous
frequency and RoCoF obtained by transient simulations were
compared to the ones estimated using (21)-(24) and (28)-
(30). Fig. 10 illustrates the actual (Act.) frequency excursions
obtained by the transient simulations, and the estimated (Est.)
frequency excursions using QSS frequency equations (21)-
(24) for a particular simulation case. Note that both actual
and estimated curves exhibit a close resemblance, with more
significant differences being observed in the presence of abrupt
frequency jumps.

The close resemblance between actual and estimated values
in Fig. 10 was also observed in the rest of the simulation cases.
This is illustrated in Table VII, in which the Mean Absolute
Errors (MAE) for all simulations cases are indicated, from
where one can conclude that the proposed EMS provides an
accurate representation of the actual frequency dynamics of
an isolated microgrid during daily operations.

F. Computational Performance

The computational performance of the three EMS models
is evaluated here. This is a relevant aspect to assess, as
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TABLE VII
FREQUENCY AND ROCOF MEAN ABSOLUTE ERRORS

Reg.
sec.

EMS
model

Freq. MAE [Hz] RoCoF MAE [Hz/s]
Base Detailed Base Detailed

Low
EMS-1 0.02 0.03 0.04 0.04
EMS-2 0.01 0.03 0.05 0.04
EMS-3 0.02 0.03 0.04 0.05

Med. EMS-2 0.01 0.02 0.02 0.02
EMS-3 0.01 0.02 0.01 0.02

High EMS-3 0.01 0.01 0.01 0.01

TABLE VIII
COMPUTATION TIMES PER MPC ITERATION

Reg.
sec.

EMS
Model

Average time [s] Maximum time [s]
Base Detailed Base Detailed

Low
EMS-1 0.6 0.6 16.9 17.1
EMS-2 2.0 0.9 21.5 22.2
EMS-3 1.2 1.0 21.9 24.2

Med. EMS-2 6.5 5.1 56.7 32.5
EMS-3 4.5 3.1 27.1 30.7

High EMS-3 2.9 2.8 18.9 22.7

computation times for the EMS optimization model need to
be significantly lower than the 5min MPC update rate for near
real-time applications [1]. For this test, the computation times
required to solve the optimization problems were recorded for
each MPC iteration, yielding a total of 288 measurements for
one full day simulation. The resulting average and maximum
computation times are presented in Table VIII, where it can be
observed that all three EMS models exhibit low computation
times in the order of seconds, making them suitable for
practical applications. This observed computational efficiency
stems from the fact that all three EMS models are linear,
and thus result in computationally efficient MILP optimiza-
tion problems. Therefore, another relevant contribution of the
proposed EMS model (EMS-3), is that it incorporates the
impact of frequency dynamics on operations while keeping
a computational performance on par with the one observed
for the simpler EMS-1 and EMS-2 models.

In summary, the proposed EMS model outperforms exist-
ing EMS models, achieving reduced operational costs and
reaching a wider range of frequency regulation security levels.
Moreover, this overall better performance is achieved while
keeping computational tractability suitable for near real-time
practical applications.

V. CONCLUSION

Short-term power fluctuations stemming from renewable
generation can severely degrade the frequency regulation per-
formance of isolated microgrids, as these have low inertia
and, more commonly nowadays, significant renewable energy
integration. Motivated by this, the present paper developed a
practical and computationally efficient EMS that models short-
term fluctuations and their impact on frequency regulation and
operations. The proposed EMS was evaluated and compared
to existing EMSs on a realistic test system, showing that the
proposed model allows reducing total operating costs for a
given security level (2%-10% lower), and achieving higher
frequency regulation security levels in line with modern oper-
ating standards for microgrids. Furthermore, thanks to the use

of alternative linear equations to describe frequency dynamics,
the proposed EMS model can be solved with sufficiently
low computation times, making it suitable for near real-time
practical applications.
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